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Outline

e Probabilistic programming and (scientific) simulators
o Etalumis: existing simulators as probabilistic programs
o Extensions: replacing the simulator entirely

e Differentiable programming and simulators
o When autodiff is not feasible
o When autodiff is feasible

e DiffSharp, recent work with Don Syme
e Community

o MODE collaboration (CERN)
o MIAPDbP event (Munich)



Probabilistic programming
and scientific simulators



Simulation and physical sciences

Computational models and simulation are key to scientific advance at all scales

.

Drug discovery Weather Climate science Cosmology



Introducing a new way to use existing simulators
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Simulators

Parameters —gp . —_— Outputs (data)

Simulator



Simulators

Parameters —gp . —_— Outputs (data)

Simulator

>
Prediction: e Simulate forward evolution of the system

e Generate samples of output
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Simulator
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Prediction: e Simulate forward evolution of the system

e Generate samples of output
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Simulators

Parameters —gp . —_— Outputs (data)

Simulator

>
Prediction: e Simulate forward evolution of the system

e Generate samples of output

-

WE NEED THE INVERSE!



Simulators

Parameters —gp . e Outputs (data)

Simulator

>
Prediction: e Simulate forward evolution of the system

e Generate samples of output

<
Inference: e Find parameters that can produce (explain) observed data

e Inverse problem
e Often a manual process
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Simulators
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Simulators
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Inverting a simulator

Parameters —gp . e Outputs (data)

Inferred Simulator

« Observed data

parameters

Probabilistic programming is the perfect tool for inference
e write programs that define probabilistic models %
e run automated Bayesian inference of parameters %

conditioned on observed outputs (data) c

‘J[_ Pyro ‘ Edward g Stan
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Inverting a simulator

Parameters —gp . e Outputs (data)

Inferred Simulator
« Observed data
parameters

Probabilistic programming is the perfect tool for inference

o writ
e run ® Somewhatlimitedtosmall-scale problems
e Normally requires one to implement a probabilistic

2 i
! Ranihe ..‘.g

con model from scratch in the chosen language/system

‘JI P
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Inverting a simulator

Parameters —gp . —_— Outputs (data)

Inferred Simulator

parameters Observed data

Key idea:
Many simulators are stochastic and they define probabilistic models
by sampling random numbers
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Inverting a simulator

Parameters — g + ——  Outputs (data)
Code
Inferred Simulator
« Observed data
parameters

Key idea:

Many simulators are stochastic and they define probabilistic models
by sampling random numbers

Simulators are probabilistic programs!
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Inverting a simulator

Parameters —gypp + e Outputs (data)
Code
Inferred Simulator
« Observed data
parameters

Key idea:

Many simulators are stochastic and they define probabilistic models
by sampling random numbers

Simulators are probabilistic programs! (If we have the source code)
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Inverting a simulator

Parameters —gypp + — Outputs (data)
Code
Inferred Simulator
« Observed data
parameters
Key idea:

Many simulators are stochastic and they define probabilistic models
by sampling random numbers

Simulators are probabilistic programs!
We “just” need an infrastructure to execute them probabilistically
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Probabilistic PvProb
execution ary

Parameters —p + == —_— Outputs (data)
Code
Inferred Simulator
parameters < Observed data
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Probabilistic ﬁ PyProb
execution

Parameters —yp —4— —_— Outputs (data)
Code
Inferred Simulator
« Observed data
parameters

e Run forward & catch all random choices (“hijack” all calls to RNG)
e Record an execution trace: a record of all parameters, random choices, outputs
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Probabilistic ﬁ PyProb
execution

Parameters —yp —4— —_— Outputs (data)
Code
Inferred Simulator
« Observed data
parameters

e Run forward & catch all random choices (“hijack” all calls to RNG)
e Record an execution trace: a record of all parameters, random choices, outputs

. PP X Probabilistic Programming eXecution protocol
o C++, C#, Dart, Go, Java, JavaScript, Lua, Python, Rust and others
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Probabilistic A PyPrOb
execution

Parameters —yp —4— —_— Outputs (data)
Code
Inferred Simulator
« Observed data
parameters

e Run forward & catch all random choices (“hijack” all calls to RNG)
e Record an execution trace: a record of all parameters, random choices, outputs

. PP X Probabilistic Programming eXecution protocol
o C++, C#, Dart, Go, Java, JavaScript, Lua, Python, Rust and others
Inspired by the Open Neural Network Exchange @ ONNX .



Probabilistic A pyp rob
execution

Parameters — g ——p  Outputs (data)
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Code

Inferred Simulator
« Observed data
parameters

e Run forward & catch all random choices (“hijack” all calls to RNG)
e Record an execution trace: a record of all parameters, random choices, outputs

° ° [forward(xt:: xarray_contamer<xt: uvector<double. std::  allocator<double> >, (xt::  lay-
U nlq uely la bel. eaCh ChOICe our_type)l, xu: s\\imﬁcumigncd long, 4ul, std:: allecator<unsigned long>, trae>, xt: xten-
N « ’ sor_expression_tag>1+0x51, SherpaGenenton:: Generate()+0x36; SHERPA:: Sherpa:: Gener-
at ru ntlme by ad d resses Of ateOnelventtbool) s 2la; SHERPA:: Evemt_Handler:: GenerateBEvemt(SHERPA:: evemiype:
code #Ox44d; SHERPA:: Event_Handler:: Generate HadronDecayEvent(SHERPA:: evemttype::

StaCk fra mes code&)+Ox45f. ATOOLS:: Random:: Gettbool, boolpOx1dS: probprog RNG:: Get(bool. 23

bool)+(xM]_Uniform_|



Probabilistic ﬁ PyProb
execution

Parameters —yp —4— —_— Outputs (data)
Code
Inferred Simulator
« Observed data
parameters

e Run forward & catch all random choices (“hijack” all calls to RNG)
e Record an execution trace: a record of all parameters, random choices, outputs

o Conditioning: compare simulated output and observed data
e Approximate the distribution of parameters that can produce (explain)

observed data, using inference engines like Markov-chain Monte Carlo (MCMC) .



Probabilistic A pyp rob

execution
Parameters —gp —4— ——p  Outputs (data)
Code
Inferred Simulator
« Observed data
parameters

R Simulators = giant probabilistic models so inference is hard and
computationally costly

® Re ) - : outputs
e Need to run simulator up to millions of times
e Simulator execution and MCMC inference are sequential
., ® MCMC has “burn-in period” and autocorrelation
o Ar n)
ok _ , o o MCMC)
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Probabilistic A pyp rob

execution
Parameters —gp —4— ——3p  Outputs (data)
Code
Inferred Simulator
« Observed data
parameters

R Simulators = giant probabilistic models so inference is hard and
o Re computationally costly
e Need to run simulator up to millions of times
e Simulator execution and MCMC inference are sequential
e MCMC has “burn-in period” and autocorrelation

outputs

o Af . . . . n)
ol:.B:m we can amo_rt_l_ze the cost of mfe__r_e'ryc_g_t_x‘s:{ng dﬁegp learning MCMC)

B e & | B > e = R —
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Distributed Training data Distributed
data generation (execution traces) training

i Trace e-e--o NN o—ﬁ—ﬁﬁ | ,
: Trained NN
Sim. i |, [race ee o NN &ﬁﬁﬁ _|_> |:|_|:||:|

Sim.

Sim.

Trace oo EIHI
HPC race ewe-o NN HPC |

Training (recording simulator behavior)
e Deep recurrent neural network learns all random choices in simulator
e Dynamic NN: grows with each simulator execution
o Layers get created as we learn more of the simulator
o 100s of millions of parameters in particle physics simulation
e Costly, but amortized: we need to train only once per given model
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Inference (controlling simulator behavior)
e Trained deep NN makes intelligent choices given data observation
Embarrassingly parallel distributed inference
No burn-in period
No autocorrelation: every sample is independent

Traces reproducing
Trained NN observed data

[HI-0 — ™| NN O‘ﬁ‘ﬁﬁ sim. () Trace e-o--o
NN o-ﬁ-ﬁﬁ Sim. i — Trace e—e-o ——> parameters
Observed data ! ; : .

Distributed inference




Inference (controlling simulator behavior)
e Trained deep NN makes intelligent choices given data observation

e Embarrassingly parallel distributed inference

e Noburnin period

e No autocorrelation: every sample is independent
Trained NN :
o —

Inferred
—'—>: parameters

Observed data

@ e




Code infrastructure



Probabilistic programming with simulators
\ PyProb

e PPL for simulators and HPC, based on PyTorch
Distributed training and inference, efficient support for multi-TB distribution files, optimized
memory usage, parallel trace processing

https://github.com/pyprob/pyprob

. /. PPX https://github.com/pyprob/ppx

e Probabilistic Programming eXecution protocol
Simulator and inference engine executed in separate processes and machines across network
Google flatbuffers to support C++, C#, Dart, Go, Java, JavaScript, Lua, Python, Rust
Probabilistic programming analogue to Open Neural Network Exchange (ONNX) for deep learning

vé

%’docker ’h Containerized workflow for HPC

SHIFTER


https://github.com/probprog/pyprob
https://github.com/probprog/ppx

Probabilistic programming eXecution protocol

i —— Trace recording and control >

PPL A PyProb
O PyTorch ‘ , ’ ’ - .¢

Call | iSample  iisample  |iObserve
' iresult iresult ! result

' Call

Sample Sampleii Observe ' esult

Simulator

(SHERPA, GEANT) [|~© ® © &— - ®

Simulator execution >
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PPXin
C++
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sinclude <pyprob_cpp.h>

// Gaussian with unkown mean
7/ heepi/ /v . robots.ox. oc . uk/~fwood/assets/pdf /Wood - AISTATS - 2014 . paf

Xt:iixarray<double> forward()

{
auto prior_mean = 1;
auto prior_stddev = std::sqre(s);
auto likelihood_stddev = std::sqrt(2);

auto prior = pyprob_cpp::distributions: :Normal(prior_mean, prior_stddev);
auto mu = pyprob_cpp::sample(prior);

auto likelihood = pyprob_cpp::distributions: :Normal(mu, likelihood stddev);
pyprob_cpp: :observe(likelihood, "obso");
pyprob_cpp: :observe(likelihood, “obsi");

return mu;

int main(int argc, char *argv(])
{
aute serverAddress = (argc > 1) 7 argv[1] : “tcp://*:5555%;
pyprob_cpp: :Model model = pyprob_cpp! :Model(forward, "Gaussian with unknown mean Ce+");
model.startServer(serverAddress);
return 0;



 Jupyter sherpa tau_decay (waswes canges) _re—

[ ]
P Px I n Fae Sim Ve e Catt R Wz ‘og rex Traswd | yoena C

B % > OB 4 ¢ M B C P Cak L

Python Connect to Sherpa

1f you started this notebock sung S ollowng. SMERPA 5 slready ruwerg:
docker run --rm -5t --netzhost etalusis/sherpa tmnp load . /sherps tau decay.yanl

I you are dong somehing else, and SHERPA 15 not iready running, ian i as loliows.
dochker run -3t - rm .nctebost ctalusis/sherpa ./sberpa tou decay

Note: by defwt sherps tau decay uses the Unx doman sockets (PC) address §pc1//8therpa tay decay  Vou tan mn 2 weh ofer addresses,
05.7CP wung . /sherpa tau decay tcpi//* 15535

N iIn [3]: model = Modelnemote! ' ipc://@sherps tau decay”)

pox (Pytheon): mq.REQ socket comneciing to server 1pc!//@sherpa tas decay
ppx (Pythen): This systes : pypeod 6,100

ppx (Python): Cormected 10 system: pypeob cpp & 1.3 [master:83L0071)

ppx (Pythen): Model name 1 SMIRPA tau lepton decay

Inspect the prior

We Cormnt an enpocl dalrduton of he pevr, g Agwven cumber of trages . Bonare, oo number of Baces can Lahe 4 100 Mo, traces=~500
QS & FeAsOnabie- kokng phot

N In [4): prior dist » sodel.prior distribution(eun tracossd)
Tise spent | Tise resain.| Progress | Trace | Traces/sec
0d:00:00:01 | 04:00:00:00 | sessssetvavosndereasr | 5/5 | 2.60
Sepane (margnalze] e dsirbunon N G=Tbutons over momenta and charmel. by mappng & ncion

N In [3): prior dist px » prieor dist.nap(lasbda x: flaoat(x[9]))
prior dist py » prier dist. sep(lashda x: fleat{x[i]))
prior dist pr = prior dist.eap(losbda x: float(x[2]))

artasr Atee shasnal « aedar dAtetr nanfioahds o« tarfelzl1d)
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“etalumis”

I > Eny A P
o ) W CE (intel

e At CERN, vast quantities of experimental data (petabytes / day) produced and
compared to detailed simulations via histograms of summary statistics
o billions of CPU hours, labor intensive, sometimes ad-hoc

e Aim: replace with automated probabilistic inference, grounded in a statistical framework
Physics

- Real data

vei e
Sandard Modd of Bloventwy Farides - '5~.~,.- .."..:

Simulation i e e
" - Simulated data

&
490 0l [P P
e i iei e

Baydin et al. “Etalumis: Bringing Probabilistic Programming to Scientific Simulators at Scale” SC19 .



JHHAE ” P Yy .
Input —— % % % & i :
puts A R Simulated data
ario (detector response)

Latents  p(x,y) = p(y|x)p(x)
Likelihood Prior l

Inputs <«———  Posterior p(X|y) <«—— oObserve(p(y|x), Yobs)

Generative model / simulator (e.g., Sherpa, Geant) T

Observed data
(detector response)

Baydin, Heinrich, Bhimji, Shao, Naderiparizi, Munk, Liu, Gram-Hansen, Louppe, Meadows, Torr, Lee, Prabhat, Cranmer, Wood.
NeurlPS 2019
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“etalumis” - &
OXEORD E@

e Supercomputing-scale probabilistic programing
~ 25,000 latent variables; 32,768 CPU cores
e Sherpa: a state-of-the-art simulator of the
Standard Model of particle physics, ~1M lines of C++ s —
° Analyzing tau |6pt0n decay Cori supercomputer, Lawrence Berkeley Lab
(a key ingredient in describing the Higgs boson) o 255 KNL motes (68 cors e Por o)
Largest-scale PyTorch MPI (128k minibatch size)
First tractable Bayesian inference for LHC physics

o< ' o » . - .- $ .3 " / N
3 "™ P '~A'-',~' o0 boy Tl ."'» L-v.'._"_’ Pt Rt T " o ¥’ P . / e/p
4’ . ‘ [ 4 v o
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Best Paper Finalist at SC19 (supercomputing)

) & B [T (nteD
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Baydin et al. “Etalumis: Bringing Probabilistic Programming to Scientific Simulators at Scale” SC19



Inference results { | == : = b=
e Achieved MCMC (RMH) “ground truth” | : .
e First tractable Bayesian inference for LHC physics

o Posterior over full latent space of the Standard (e i)
Model (>25k latent variables) SSEBE |
o Autocorrelation typically around 10’ steps | f _: _
o MCMC: 115 hours s e s o s N SN e~ - e
e Amortized inference (IC) closely matches MCMC (RMH) { | T TS 2 :;_
o No autocorrelation, embarrassingly parallel ” X,
o 1C: 30 minutes | | :'

Trace log-probability

-w,w»

Gelman-Rubin convergence diagnostic Autocorrelation
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Etalumis gives access to all latent variables: allows answering
any model-based question



Interpretability

Latent probabilistic structure of 10 most frequent trace types
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Interpretability

Latent probabilistic structure of 10 most frequent trace types

[forward(xt::  xarray_contaimer<xt:: uvector<double. std::  allocator<double> >, (xt:: lay-
out_type)l, xti: svector<unsigned loag, 4ul, std:: allocator<unsigned long>, trae>, xt: xten-
sor_expression_tag> 1051, SherpaGenentor:: Generate(+0x36: SHERPA:: Sherpa:: Gener-
ateOnelventtbool)+x2a; SHERPA:: Event_Handler:: GenerateEvemt(SHERPA:: evemtiype::
code #Ox44d; SHERPA:: Event_Handler:: Generate HadronDecayEvent(SHERPA:: eventtype::
code&)+Ox450. ATOOLS:: Random:: Gettbool, boolp+Ox1dS: probprog RNG:: Get(bool.
bool)+0xM]_Uniform_|

[forwardixt:  xammay_contunerext:  wvestor<double, st allocator<double> >, (x1::  luy-
out_type)l, st svector<umsigned lomg, dul, sl allocator<unsigned losg>, true>, Xt xien-
sor_cxpeession_tag>HOSE: SherpaGenerator:: Generate()#Ux36; SHERPA:: Sherpa:: Gen-
erateOuelvemt(boolj+0x2f2; SHERPA:: Event_Handler:: GenermeEventiSHERPA:: ¢cvent.
types coder(xddd; SHERPA:: Event_Handler:: GenerateHadronDecayEvent(SHERPA:: event-
ypes code&)pn982; SHERPA:: Event_Handler: lierstieEventPhasesiSHERPA:: evenype::
coded. double&)+0x1d2; SHERPA:: Hadron_Decays: Treat{ ATOOLS:: Blob_List*. dou-
bled&)+0x975; SHERPA:: Decay_Handler_Base:: Treatlndtial Blob{ ATOOLS:: Blob*, METOOLS::
Amplitade2_Temsor®, sul:: vector<ATOOLS::  Particle®, stdi:  alkocator<ATOOLS:: Parti-
cle®> > cons& )ex 1 zh 1 SHERPA:: Hadeoa Decay Handler: CremteDecayBlob ATOOLS::
Particle* )e0x3cd: PHASIC::  Decay_Table::  Selectl) const40ad7: ATOOLS:: Random::
GetCategoricalistd::  vector<double, std: allocator<douhle> > const&, bool, bool)+0x1aS;
_BNG:: GetCategorical(std:: vector<double, std:: allocator<doubles > const&, bool, 44
bool x| 11]_Categonical{length_categonies:38)_I



Interpretability

Latent probabilistic structure of 10 most frequent trace types

pX pz Rejection Calorimeter

/ / sampling

Py Decay Rejection
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Interpretability

Latent probabilistic structure of 25 most frequent trace types

pX pz Rejection Calorimeter

sampling | | \
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Interpretability

Latent probabilistic structure of 100 most frequent trace types

pX pz Rejection Calorimeter

sampling \

@O P® ‘G'G

\ N

Decay Rejection
channel Samp[ing

47



Interpretability

Latent probabilistic structure of 250 most frequent trace types

pX pz Rejection Calorimeter
sampling e \
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Probabilistic surrogate models



Probabilistic surrogate networks

Can we replace the simulator entirely with a surrogate model with the same
address structure?

pX pz Rejection Calorimeter
sampling \
=09 =0 e - e ‘L‘/ - PP PO
52333 . GAD T =l
=
i ST ] o — % oo 8F DD
O -
DBl B S -=o
py Decay Rejection
channel sampling

Munk, Zwartsenberg, Scibior, Baydin, Stewart, Fernlund, Poursartip, Wood. 2022. “Probabilistic Surrogate Networks for Simulators with Unbounded
Randomness” In 38th Conference on Uncertainty in Artificial Intelligence UAI 2022



Probabilistic surrogate networks

Demonstrated with a simulation of composite
material heating cycles

200

100

amalor farings

Depth [tmm

recuce drag

0 80 160 240 0 80 160 240

Time [min Fime [min)
l l 1 ko wng Bps

o~hance wing etfciency

Figure 1:  Dlustration of a process simulation of composite materials, which we denote 2paves. Bach subfigure
shows o termperature profile measured in dogrees Celsius as o function of time adong the o axis ad dopth along
the y-axis, (Left) shows the actual simulated heating process. (Right) shows the same process but originating
from our probabilistic surrogate network trained to match the original simulator. Noticeably, the prooess in
(right) is 26.8 times faster than the prooess in (left). Later we perform inference in this process, where we seck
to infer the expected temperature in the tine window [155, 165] min at depth 30 mm represented by the black
box conditionoed on measuring the temperature ot the bottom surface amd adr temperatire represented by the

blue boxes.

Munk, Zwartsenberg, Scibior, Baydin, Stewart, Fernlund, Poursartip, Wood. 2022. “Probabilistic Surrogate Networks for Simulators with Unbounded
Randomness” In 38th Conference on Uncertainty in Artificial Intelligence UAI 2022



Inference Network
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return ¢

Probabilistic Surrogate Network

\
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Munk, Zwartsenberg, Scibior,
Baydin, Stewart, Fernlund,
Poursartip, Wood. 2022.

B dhe il “Probabilistic Surrogate

Networks for Simulators with
Unbounded Randomness” In

38th Conference on Uncertainty
in Artificial Intelligence UAI 2022
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Simulator
surrogate
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Other simulators as probabilistic programs

O Candithaning Rosuhis, Ambigoses Frondom

KESSLER i PO

Spacecraft collision avoidance Social media models and simulation of

misinformation dynamics

Collaboration with NYU Center for Social Media and
Politics, Oxford Internet Institute

Collaboration with European Space Agency
(ESA)

Acciarini, Pinto, Metz, Boufelja, Kaczmarek, Merz, Martinez-Heras, Letizia,
Bridges, Baydin. 2021. “Kessler: a Machine Learning Library for Space
Collision Avoidance.” In 8th European Conference on Space Debris.

Gambardella, State, Khan, Tsourides, Torr, Baydin. 2021. “Detecting and Quantifying
Malicious Activity with Simulation-Based Inference” In ICML Workshop on Socially
Pinto, Acciarini, Metz, Boufelja, Kaczmarek, Merz, Martinez-Heras, Letizia, Responsible Machine Learning.
Bridges, Baydin. 2020. “Towards Automated Satellite Conjunction
Management with Bayesian Deep Learning.” In Al for Earth Sciences

Workshop at NeurlPS 2020, Vancouver, Canada

Mehta, State, Bonneau, Nagler, Torr, Baydin. 2022 “Estimating the Impact of Coordinated
Inauthentic Behavior on Content Recommendations in Social Networks” ICML workshop
on Al for Agent Based Modeling




Differentiable programming
and simulators



What is differentiable programming?

Deep learning is behind many recent advances in machine learning
= nonlinear differentiable functions (programs)
whose parameters are tuned by gradient-based optimization

- <
10 c

(Ruder, 2017) http://ruder.io/optimizing-gradient-descent/
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What is differentiable programming?

Deep learning is behind many recent advances in machine learning
= nonlinear differentiable functions (programs)
whose parameters are tuned by gradient-based optimization

Derivatives come from running the code via automatic differentiation
(mainly backpropagation / reverse mode)

f(X) -R" 5> R
automatic
differentiation

of  0f
s Vix)=-—...,2—
f(X) (&L‘l /85572)

(Ruder, 2017) http://ruder.io/optimizing-gradient-descent/ 58
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Differentiable programming

Differentiable programming is a generalization of deep learning
e Write programs composed of differentiable and parameterized building

blocks executed via automatic differentiation
e Optimize parameters in order to perform a specified task, based on data

Yann LeCun
' uy S at 2o 6 (2018)

OK, Deep Learning has outlived its usefulness as a buzz-phrase. Andrej Karpathy (2017)
Deep Leamning est mort, Vive Differentiable Programming! “Software 2.0"

: https://karpathy.medium.com/software-2-0-a64
Yeah, Differentiable Programming is little more than a rebranding of the 152b37¢35

modern collection Deep Learning technigues, the same way Deep Learning
was a rebranding of the modern incarnations of neural nets with more than
wo layers.
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Differentiable programming

Differentiable programming is a generalization of deep learning
e Write programs composed of differentiable and parameterized building
blocks executed via automatic differentiation

e Optimize parameters in order to perform a specified task, based on data

(Neural networks are just a simple class of differentiable functions)

Yann LeCun
) uy S al 2o 6 (2018)

OK, Deep Learning has outlived its usefulness as a buzz-phrase. Andrej Karpathy (2017)
Deep Leamning est mort, Vive Differentiable Programming! “Software 2.0"
https://karpathy.medium.com/software-2-0-a64

Yeah, Differentiable Programming is little more than a rebranding of the
modern collection Deep Learning technigues, the same way Deep Learning
was a rebranding of the modern incarnations of neural nets with more than
wo layers.

152b37¢35
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Simulators and differentiability

e Simulator code is not differentiable
1 Use surrogates (differentiable approximation learned from data)

e Simulator code is differentiable
(but has not been used in a differentiable way so far)
1 Use automatic differentiation if feasible
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Simulators and differentiability

Inputs
x € R?

—

Parameters
P € R”

—>

Simulator (model) of the system

Y* = argmin,, » _ R(F(x,))

|

Optimal

parameters

/ N\

Objective

Simulator

Outputs

F(z,)
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Simulators and differentiability

Inputs — Parameters — I Outputs
x € R? Y € R” F(x, )

Simulator (model) of the system
Y* = argmin,, » _ R(F(x,))

Can be efficiently found by gradient-based optimization if V,,R is available
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Non-differentiable simulator

Inputs — Parameters — I Outputs
x € R? Y € R” F(x, )

Non-differentiable simulator (model)

Run simulator many times
Generate a (large) dataset of input - output pairs capturing simulator’'s behavior

=S,
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Non-differentiable simulator

e Use the dataset to learn a surrogate (differentiable approximation)
of the simulator
(e.g., a deep generative model)

Inputs
x € R?

@ T ~ q()
y = F(x, )
\

— Parameters —
P e R”

Differentiable surrogate with V,, F(x,v)

Outputs

F(x,v)
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Example: local generative surrogates

e Deep generative surrogates (GAN) trained in successive

local neighborhoods

e Optimize SHiP muon shield (GEANT4, FairRoot), minimize

number of recorded muons by varying magnet geometry

— -GSO with GAN, # sampies=20
110 we= LGSO wath GAN, # samples=40
so -GSO with GAN. # samples~00
— NUMSTICH OpLIMZaton
— BOCX
LTS

—
o
(=]

— LAX
CMAES

Qo
o

Objective function

0 5000 15000 25000
Number of function calls

X FairShip Obyservables y
1
v Train a surrpgate model R&s:)
T <a /
VR(yy) model observables y VRO®)

Muon detector

ECAL/HCAL ’
Spectrometer
Upstream taggers  magent ‘
VIISHIP_detector - 'G)'

SHiP

Search for Hidden Particles

Muon shield ~ D@cay volume o,. o ombter trackers
~30m ~45m

Hadron stopper

Shirobokov, Belavin, Kagan, Ustyuzhanin, Baydin “Black-Box Optimization with Local Generative Surrogates” NeurlPS 2020 o



Example: exoplanet radiative transfer

e Posterior distributions of gas concentrations in exoplanet
atmospheres, conditioned on observed spectra, using radiative
transfer simulators

e Surrogates allow up to 180x faster inference

T s e el S & "f';i o [ '-..;'I . T
AT A ' Parameters _ RT Simulator _ Spectrum
A IS 50,09 34§ 8, = (slow) —-*.;; s,
,..l ; : » \ /
A ® R NR] S . Neural
.L s 2 I » /W Nm
| l » R “mm
§ | eler] o o .
d PW'O'““ —- Surogate —s SPECIUM
ailas MARGE \ (fast) J
J%® . J
a HOMER = picterior . Observed
Bayesian
o l pels,,) =" sampler 1 spe::um

Himes, Harrington, Cobb, Baydin, Soboczenski, O'Beirne, Zorzan, Wright, Scheffer, Domagal-Goldman, Arney. 2022. “Accurate Machine-Learning Atmospheric Retrieval via a
Neural-Network Surrogate Model for Radiative Transfer” The Planetary Science Journal 3 (4). American Astronomical Society: 236-250. doi:10.3847/PSJ/abe3fd.
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Example: solar energetic particles

e Solar energetic particles (SEPs) pose serious threats
to humans in deep space exploration and to the
scientific instruments onboard spacecraft

e Develop an EPREM simulator surrogate (~ billion
times faster) enabling posterior inference of seed
particle populations conditioned on real space
weather events

voMiode 50555 Carrna B AR Dot L 300 Catol 5080 LAAD: & 944

— ey = B UL ey [

::::::

-------

FEFFEFLLNAS

T 1)

Poduval, Baydin, Schwadron. 2021. “Studying Solar Energetic Particles and Their Seed Population Using Surrogate
Models” in Machine Learning for Space Sciences Workshop, 43rd Committee on Space Research (COSPAR) Scientific
Assembly, Sydney, Australia.




Differentiable simulator

Inputs
x € R?

— Parameters ——
P e R"

Non-differentiable simulator (model)

Outputs

F(z,)
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Differentiable simulator

Inputs
x € R?

Inputs
x € R?

— Parameters ——
P € R”

Non-differentiable simulator (model)

Outputs

F(z,)

Automatic differentiation
(e.g., source-to-source transformation)

— Parameters —
P € R

Differentiable simulator with V., F'(x, 1)

Outputs
F(x,)
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Differentiable simulator

e Use automatic differentiation tools to make the simulator directly differentiable
e Used in design optimization by the AD community for many decades

17 Aerofoi! O.ptimisation via Application of Automatic
AD of a Multigrid Cell-Vertex Differentintion to Race Car

Euler Flow Solver Performance Optimisation

Shaun A. Forth and Trevor P. Evans
Daniele Casanova, Robin S. Sharp, Mark

ABSTRACT We report preliminary results in the use of ADIFOR 2.0 to Fina-l, Brllce Cht’istianson and Pat Symonds

determine aerodynamic sensitivities of a 2-D airfoil with respect to geo-
metrical variables. Meshes are produced with a hyperbolic interpolation

technique. The flow field is calculated using the cell-vertex method of Hall, ABSTRACT A formal method for the evaluation of the minimum time
which incorporates local time-stepping, mesh sequencing and multigrid. vehicle manoeuvre is described. The problem is treated as one of optimal
We present results and timings using both Finite Differences (FD) and . . : :

2 control and is solved using a direct transcription method. The resulting

Automatic Differentiation (AD). We investigate the effect of starting the
perturbed calculation for FD and the derivative calculation for AD from ei-
ther the current or freestream conditions and highlight the need for careful
implementation of convergence criteria.

nonhinear programming problem is solved using the sequential quadratic
programming algorithm SNOPT for constrained optimisation. The auto-
matic differentiation software tool ADopr is used for the evaluation of the

We attempt to make a comparative study of AD and FD gradients in first-order derivatives of objective and constraint functions with respect to
an aerofoil optimisation, using the DERA CODAS method from the per- the control variables, The implementation of automatic differentiation is
spective of DERA's eventual aim, 3D viscons optimisation of wing-body more robust and ten times as fast compared to the use of a finite difference
configurations, determination of the Jacobian.

Forth, Shaun A.; Evans, Trevor P. Aerofoil Optimisation via AD of a Multigrid Cell-Vertex Euler Flow Solver. 2002

Daniele Casanova, Robin S. Sharp, Mark Final, Bruce Christianson, Pat Symonds. “Application of Automatic Differentiation to Race Car Performance
Optimisation” in Automatic Differentiation of Algorithms: From Simulation to Optimization, Springer, 2002



End-to-end differentiable pipelines

e Complex experimental setups can be composed of a pipeline of a series of
distinct simulators (e.g., SHERPA -> GEANT)

e One might need to differentiate through the whole end-to-end pipeline, which
can be achieved by compositionality and the chain rule

\ / ~ ™~ A PyTorch [/
\ / A __.-"\
/ \ ~ { Weight \‘r" ML / /

St
[ PCA l‘l
— —— | scakir-decin | — .
2 3 v o 2 ™~
."/ CNN A \\.___..-/ ‘"*1’/ Lincar \ 4 3 \
Hand ) » 2 ) | regeession | ’! Wrst |
image \ Cafe ) J \ breadth |

: prioe |

o DARPA Data Driven Discovery of
Models (D3M)
Figure 2: Example pipeline for predicting a physiological feature (wrist breadth) from images of httpS'//datadrivendiscoverv Orgl

hands using four primitives in three different frameworks

Milutinovic, Baydin, Zinkov, Harvey, Song, Wood, Shen. 2017. “End-to-End Training of Differentiable Pipelines Across Machine Learning

Frameworks.” NeurlPS 2017 Autodiff Workshop
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Differentiable programming in partlcle phyS|cs

e Differentiable analysis pipelines
Unify analysis pipeline by simultaneously : '
optimizing the free parameters of an analysis © iyt
with respect to the desired physics objective ;

J\\

“’

e Gradient-based inference
(probabilistic programming) P
Enable efficient simulation-based inference, '
reducing the number of events needed by
orders of magnitude

Dot - Batgrond

CnowrMasn292]

Baydin, Cranmer, Feickert, Gray, Heinrich, Held, Melo, Neubauer, Pearkes, Simpson, Smith, Stark, Thais, Vassilev, Watts. 2020.

“Differentiable Programming in High-Energy Physics.” In Snowmass 2021 Letters of Interest (LOI), Division of Particles and Fields (DPF),

American Physical Society. https://snowmass21.org/loi.
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End-to-end differentiable pipelines

e Complex experimental setups can be composed of a pipeline of a series of
distinct simulators (e.g., SHERPA -> GEANT)

e One might need to differentiate through the whole end-to-end pipeline, which
can be achieved by compositionality and the chain rule

-

RN
[ PCA l‘l

e — \ scikir-decirn | — —

,/, \\\ _.""-'\\ _/’ e ."/ N \'\ ./ 3

"J"‘N‘ - N'V L‘.NN i — 7 lt";::\-‘:l'll "‘; ..( “‘““\'|

mige \ Cafe | — »\ PTorch / \ breadh

-—/ . . / "'/ Weight \‘T__.—-' \_\_- _./ _-/
: prioe |
\NEai d DARPA Data Driven Discovery of Models

o (D3M)
Figure 2: Example pipeline for predicting a physiological feature (wrist breadth) from images of https://datadrivendiscovery.org/

hands using four primitives in three different frameworks

Milutinovic, Baydin, Zinkov, Harvey, Song, Wood, Shen. 2017. “End-to-End Training of Differentiable Pipelines Across Machine Learning

Frameworks.” NeurlPS 2017 Autodiff Workshop
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DiffSharp



DitffSharp

e An autodiff library in F#

e Supporting arbitrary nesting of
forward/reverse AD

e a higher-order differentiation API

e Based on Barak Pearlmutter and
Jeffrey Siskind's functional AD work
(e.g., R6RS-AD)

https://diffsharp.github.io/

Ry Diffsharp

Op. Value s
J:R—-R diff 4 R R+ R X, F
diff’ £, 1) R)—R - (RxR) X.F
diff2 - R R-+R X, F
diff2! f. 1" R) =+ R — (R x R) X, F
diff2'’ nL1 1" R) +R -+ (RxRxR) X.F
diffn Jin — (R R) - R : N F
diffn’ (F A AL (R = R) X.F
f:R" R grad v X. R
grad’ (f,Vf) X.R
gradv Vf-v X,F
grady' (f.5f-v) X, F
hessian Hy X. R-F
hessian’ (f-Hy) X. R-F
hessiany H;v ’ X. F-R
hessianv’ (KH/VJ - X, F-R
gradhessian (VS Hy) — - X. R-F
gradhossian’ (f,V/f Hy) ’ X. R-F
gradhessianv (Vf-v , Hyv) (R” = - X, F-R
gradbossianv' (f.Vf.-v.H,v) (2" ’ X, F.R
laplacian tr(Hy) (R" — - X, R-F
laplacian’ (fowe(Hy)) - X, R-F
f:R" -+ R™ jacobian Jg » R™ NX. F/R
jacobian’ (f,J¢) kd X.F/R
jacobianv Jev X, F
Jacobianv’ (F,.Jgv) X, F
jacobianT J7 X. F/R
jacobianT’ (F,J7) X.F/R
jacobianTv Jlv X, R
jacobianTv’ (f.Jr:'v) X. R
jacobianTv'' (F.IF()) X.R
curl Vxrf X, F
curl’ (F,¥V xf) X, F
div v.f X.F
div’ (F,V-f) X.F
curldiv (Vxf,V-f) X.F
curldiv’ (£V xEV-f) X.F



https://diffsharp.github.io/

DitfSharp 1.0

let encoder =

e Major reimplementation with Don Syme e
(Microsoft/GitHub Next) e A

e Introduce tensor backends, default being > Conv2d(64, 128, 4, 2)
libtorch (PyTorch’s core in C++/ CUDA) N

e Uses libtorch tensors without autograd, s i B
implements its own computation graph T ey
and differentiation code ~-> ConvTranspose2d(64, 32, 4, 3)
F# notebooks in Jupyter, VS Code oo SO

Supports MacQOS, Linux, Windows, CUDA L

let model = VAE([1;28;28], 64, encoder, decoder)

printfn "Nodel\nks" (model.summary())

m D .ffSh let optimizer = Adam(model, lr=dsharp,tensor(©.081))

7
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DiffSharp 1.0

type GaussianUnknownMean() =

Can be the basis for your new :
o ] inherit Model()
probabilistic programming systems! override _.forward() =

let mu = dsharp.sample(Normal(dsharp.tensor(l.),
dsharp.tensor(@.1)), "mu")

Currently working on a PyProb o

analog in F# Wlth Support for PPX let model = GaussianUnknownMean()

let numTraces = 1000

let prior = model.prior(numTraces)

let priorMu = prior.map (fun trace -> trace.["mu"].value)
let priorMuMean = priorMu.mean

let priorMuMeanCorrect = dsharp.tensor(1l.)

print priorMuMean
print priorMuMeanCorrect

m Assert.True(priorMuMeanCorrect.allclose(priorMuMean, ©.1))
DiffSharp
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Joining the community






Machine-learning
Optimized Design of
Experiments (MODE)

Collaboration of ML and physics people at CERN,
Padova, UC Louvain, Liege, Oxford, NYU, Rutgers,
Uppsala, TU-Munchen, Durham and other places

Use differentiable programming in design
optimization of detectors for particle physics,

industrial applications

https://mode-collaboration.github.io/



https://mode-collaboration.github.io/

Machine-learning Optimized Design of
Experiments (MODE)

MODE Workshop series on Differentiable Programming for Experiment design
e 6-8Sep 2021: Université catholique de Louvain, Belgium
e 12-16 Sep 2022: Orthodox Academy of Crete, Greece
e Abstract submission deadline: 31 jJul 2022

https://indico.cern.ch/event/1145124/abstracts/

White papers

AG Baydin, K Cranmer, P de Castro Manzano, C Delaere, D Derkach, J Donini, T Dorigo, A Giammanco, ] Kieseler, L Layer, G Louppe, F Ratnikov,
G Strong, M Tosi, A Ustyuzhanin, P Vischia, H Yarar. 2021. “Toward Machine Learning Optimization of Experimental Design.” Nuclear
Physics News 31 (1). Taylor & Francis: 25-28. doi:10.1080/10619127.2021.1881364

AG Baydin, K Cranmer, M Feickert, L Gray, L Heinrich, A Held, A Melo, M Neubauer, ] Pearkes, N Simpson, N Smith, G Stark, S Thais, V Vassiley,
G Watts. 2020. “Differentiable Programming in High-Energy Physics.” In Snowmass 2021 Letters of Interest (LOI), Division of Particles and

Fields (DPF), American Physical Society. https://snowmass21.org/loi
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MIAPbP program

Munich Institute for Astro-, Particle and BioPhysics,
Technical University of Munich

Month-long program in Differentiable and Probabilistic
Programming for Fundamental Physics
e Organizers: Lukas Heinrich, Torsten Enflin, Michael
Kagan, Atilm GUnes Baydin, Vassil Vassilev
e Bringing together probabilistic programming and
fundamental physics communities
e Hosted in Munich during 5 - 30 Jun 2023
e Registration deadline: 3 Oct 2022

https://www.munich-iapbp.de/probabilistic-programming
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Thank you for listening

Questions?
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